INTRODUCTION {#s1}
============

Mounting evidence implicates the gut microbiome as a critical component of human health. For example, research demonstrates that gut microbiota contribute to immunity, nutrition, and behavior ([@B1], [@B2]). Additionally, gut microbiomes of diseased individuals tend to harbor different taxa and contain different genes than those of healthy individuals ([@B3]). These observations motivate the hypothesis that human health depends, in part, upon the taxonomic composition of and biological functions executed by gut microbiota. Accordingly, researchers have sought to identify the properties of the human gut microbiome that signify health and disease. Such signatures are valuable to resolve because they provide important context for the development of disease diagnostics, clarify disease etiology, and generate insight into how microbiomes could be amended to restore health.

Prior investigations focused on defining how the gut microbiome signifies health or disease. For example, the Human Microbiome Project defined the structure and function of the gut microbiome in clinically healthy, urban North Americans ([@B4]). Other investigations used clinical 16S rRNA gene sequence data to determine how the structure of the gut microbiome of diseased individuals differs from that of healthy individuals ([@B3], [@B5]). More recently, a smaller set of investigations used shotgun metagenomes to resolve how both the structure and functional diversity of the gut microbiome associate with disease ([@B6] [@B7] [@B13]). However, almost all prior investigations focused on a single disease population and a matching control. Very few studies integrate data across multiple populations, incorporate data from other studies, or compare patterns across various disease types. Consequently, it is unclear which associations are robust to population or study effects. Moreover, we possess limited insight into which associations are specific to a disease type versus those that are common to myriad diseases. These limitations hinder our ability to develop robust clinical diagnostics from microbiome data and obscure our understanding of the potential mechanisms through which the microbiome contributes to a specific disease or health in general.

Integrating data across investigations through a meta-analysis overcomes these limitations ([@B14] [@B15] [@B16]). Though their application in microbiome science remains limited, meta-analyses provide important clarity in microbiome research. For example, meta-analysis of 16S rRNA gene sequence-based investigations surrounding human obesity revealed that originally reported associations between the taxonomic composition of the gut microbiome and obesity were inconsistent across studies ([@B17]) and appear to manifest only weak statistical effects ([@B18]). Additionally, a meta-analysis of 16S rRNA gene sequence data quantified the microbiome's taxonomic association with disease across several populations that span a variety of diseases to reveal that some microbiome characteristics are disease specific while others are common to multiple diseases ([@B15]). The application of meta-analyses to shotgun metagenomic data is even more restricted, in part due to the limited amount of clinical metagenomic data currently available. One study integrated metagenomes to assess the predictive capacity of the taxonomic profile of the microbiome for several diseases, finding that integrating multiple data sets improved prediction capabilities ([@B16]). These studies highlight the importance of data integration in contributing to our understanding of the role of the microbiome in health and disease.

While these studies have proven insightful, their focus on taxonomy may limit our understanding of how the microbiome relates to health. Metagenomes afford insight into the types of genes contained, and consequent biological pathways encoded, by the microbiome. Resolving the association between microbiome functions and health may prove critical to determining the mechanisms through which the microbiome promotes health or contributes to diseases. Moreover, such analyses may reveal robust indicators of disease given observations that different microbes can elicit analogous functional effects on the host ([@B19], [@B20]). For example, the application of meta-analysis to the functional diversity of the gut microbiome in a study of type 2 diabetes revealed gene families contained in the microbiome that consistently associate with disease across two continents ([@B21]). The integration of metagenomic data sets in this study revealed the confounding contribution of antidiabetic medicine to the results, emphasizing the need to consider additional factors, such as medication, in assessments of the gut microbiome's relationship to health and disease.

Here, we describe the first meta-analysis of microbiome gene functions that spans multiple disease types and populations. For this meta-analysis, we identified all publicly available human shotgun metagenomic microbiome data with diseased and nondiseased subjects, which consist of ∼2,000 metagenomes that span 8 studies and 7 diseases. We selected a case and control population for each disease from the available samples and applied a regression-based statistical framework to assess how the functional capacity of the microbiome varies in association with each disease and across diseases in general. Where possible, we modeled data spanning multiple studies with a study variable to control for potential study effects. Our study (i) reveals that functional diversity indicates disease, but usually with weak effect; (ii) resolves microbiome functions that associate with multiple diseases as well as functions that indicate specific diseases; (iii) documents the importance of considering study-specific parameters when deriving diagnostics based on the functional diversity of the gut microbiome; and (iv) explores the ability of the functional composition to predict disease status.

RESULTS {#s2}
=======

Gut metagenome functional diversity associates with disease. {#s2.1}
------------------------------------------------------------

After preprocessing the data (Materials and Methods), we statistically integrated publicly available gut metagenomic data from 1,473 patients spanning seven diseases and eight studies to discern how the functional diversity of the gut microbiome associates with disease. In particular, we investigated how gut microbiome protein family richness, composition, and dispersion relate to disease. Our analysis of gut metagenome protein family richness revealed that patients diagnosed with Crohn's disease (*P* \< 0.001), obesity (*P* \< 0.05), type 2 diabetes (*P* \< 0.05), or ulcerative colitis (*P* \< 0.01) manifest a reduced number of KEGG Orthology Groups (KOs) compared to their respective control populations ([Fig. 1](#fig1){ref-type="fig"}). Conversely, subjects with colorectal cancer harbored a larger number of microbiome protein families than their controls (*P* \< 0.01). The protein family richness in the microbiome of subjects with liver cirrhosis or rheumatoid arthritis was similar to their respective controls. With the exception of type 2 diabetes, these results were robust to rarefaction.

![Protein family richness associates with disease. Density plots of the distribution of protein family richness across case and control populations for the seven diseases. Asterisks beside plot titles indicate significance from Student's *t* test (\*, *P* \< 0.05; \*\*, *P* \< 0.01; \*\*\*, *P* \< 0.001). Similar results were observed with Kolmogorov-Smirnov and Kruskal-Wallis tests.](mSystems.00332-18-f0001){#fig1}

To determine how the functional composition of the gut metagenome relates to disease, we quantified the Bray-Curtis dissimilarity between all samples based on their KO abundances. Our analysis found that the functional composition of the gut microbiome differs between case and control populations for the following six diseases: colorectal cancer, liver cirrhosis, Crohn's disease, ulcerative colitis, obesity, and type 2 diabetes (Adonis *P* \< 0.05; [Fig. 2](#fig2){ref-type="fig"}; see also [Table S2](#tabS2){ref-type="supplementary-material"} in the supplemental material). However, the magnitude of these differences varied across diseases ([Table S2](#tabS2){ref-type="supplementary-material"}), ranging from relatively strong effects in Crohn's disease (partial *R*^2^ = 10.3%) to weak effects in obesity (partial *R*^2^ = 1.2%). Meanwhile, rheumatoid arthritis exhibited no detectable differences in functional composition between cases and controls.

![Changes in functional composition associate with disease. NMDS plots of Bray-Curtis dissimilarity between cases and controls across diseases; ellipses represent 95% confidence level. Asterisks in NMDS plot titles indicate significance from PERMANOVA (\*\*\*, *P* \< 0.001; [Table S6](#tabS6){ref-type="supplementary-material"}). Box plots represent dispersion in beta-diversity within groups. Asterisks in box plots denote significance from *P* test and ANOVA (\*, *P* \< 0.05).](mSystems.00332-18-f0002){#fig2}

Since disease status tends to explain a small proportion of the variation in microbiome functional composition, we modeled available covariates to identify additional factors that contribute to the variation in functional composition. The additional metadata common to most subjects in these studies were limited to age, BMI, sex, country, and study. Each of these variables associated with the composition of the gut microbiome in previous research ([@B22] [@B23] [@B25]). We found that age comprised between 0.4% and 9.3% variation (*P* \< 0.05; [Table S2](#tabS2){ref-type="supplementary-material"}) across all diseases except arthritis and liver cirrhosis, while sex significantly contributed variance only to liver cirrhosis (1.64%, *P* \< 0.001) and obesity (0.63%, *P* \< 0.01). After accounting for disease status, BMI significantly associated only with colorectal cancer (2.57%, *P* \< 0.0.5).

The obesity and type 2 diabetes populations that we analyzed comprise individuals from different studies, which affords an opportunity to measure how variation across studies (e.g., technical variation) affects measures of the microbiome's functional association with disease. We found that, at least for obesity and type 2 diabetes, study accounts for 18.1% and 14.9%, respectively, of the variation in beta-diversity ([Table S2](#tabS2){ref-type="supplementary-material"}). However, study and country confound one another since most studies included in our analysis sampled patients from distinct countries. While technical variation is thought to impact gut microbiome composition ([@B26]), a previous study found that the variation introduced by these factors (e.g., library size, read length, and quality control parameters) is relatively small in contrast to biological variation between samples, indicating that these technical factors are unlikely to influence our results ([@B27]). Additionally, we found that DNA extraction protocol explains relatively little variance in the functional composition of the gut microbiome relative to study or geographic region ([Text S1](#textS1){ref-type="supplementary-material"}). Consequently, we concluded that the observed variation between studies likely reflects geographic structure in how the microbiome relates to disease.
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Beta-dispersion measures the compositional variation of the microbiome among a group of individuals, and prior work linked disease to an increase in taxonomic beta-dispersion ([@B28]). We similarly measured whether gut microbiome functional beta-dispersion varies between healthy and diseased populations. We observed an increase in functional beta-dispersion among individuals diagnosed with colorectal cancer, Crohn's disease, and liver cirrhosis (*P* \< 0.05; [Fig. 2](#fig2){ref-type="fig"}). Individuals afflicted with obesity displayed reduced beta-dispersion relative to their controls. The remaining diseases presented no detectable difference in functional beta-dispersion. As observed with functional richness and beta-diversity, the effect size of beta-dispersion varied across diseases but for some diseases appeared to be relatively substantial.

Metagenome modules indicate disease and clarify mechanisms of health. {#s2.2}
---------------------------------------------------------------------

We next examined whether specific microbiome functions associate with disease. To reduce data dimensionality, we collapsed KOs into modules. We then used compound Poisson linear regression to model the relationship between health state and the average genomic copy number of KEGG modules. These methods were applied in prior work ([@B29]) and allow for robust modeling of sparse but otherwise continuous data. Moreover, they afford the ability to account for potential study effects through the inclusion of additional covariates. Where possible, we incorporated study effects into our models and identified indicators of disease that were robust to study effects. Using these models, we defined indicators of a disease to be those modules whose average genomic copy number in the metagenome significantly associated with the health status of the host. While we were able to model study effect in our discovery of indicators, it is unclear how robust study indicators are across distinct studies in part due to substantial variation in study size ([Text S1](#textS1){ref-type="supplementary-material"}). Most likely, not all indicators will be robust across populations; to identify robust disease indicators across populations, data from additional clinical studies on the same diseases are needed.

We found that of the 521 modules defined across our data set, 484 indicated disease in one or more of the disease populations (FDR \< 0.2). The number of modules that indicated disease varied considerably across diseases ([Tables S3](#tabS3){ref-type="supplementary-material"} and [S4](#tabS4){ref-type="supplementary-material"}). For example, 333 and 349 modules indicated liver cirrhosis and Crohn's disease, respectively, while only 13 modules indicated ulcerative colitis. These results were qualitatively consistent at lower FDR thresholds as well as at the KO level ([Table S4](#tabS4){ref-type="supplementary-material"}).

The vast majority of the disease-indicating modules acted as indicators for multiple diseases. Specifically, 78% of the indicator modules associated with two or more diseases, which is higher than expected if indicator modules were randomly distributed among diseases (permutation test, 1,000 permutations, *P* \< 0.05). There were relatively few unique indicator modules for each disease; for example, only 7.5% and 11.2% of indicator modules were unique to liver cirrhosis and Crohn's disease, respectively ([Fig. 3](#fig3){ref-type="fig"} and [Table S5](#tabS5){ref-type="supplementary-material"}). These results suggest that different diseases may manifest similar mechanisms of association with the gut microbiome (e.g., inflammation), that microbiome modules may play various roles in determining how the microbiome associates with different diseases, or that there is a factor common to both disease and changes in the gut microbiome (e.g., lifestyle).

![Most indicators of disease are shared. Circos plot depicting overlap of indicator modules between diseases. The outer track represents the total number of module markers for each disease. The second track is a heat map with blue representing an increase in cases and red representing a decrease in cases. Modules in each disease are ordered and links are colored by the number of diseases for which they are indicators (black, 5 diseases; dark gray, 4 diseases; medium gray, 3 diseases; light gray, 2 diseases; white, 1 disease). Modules without links are unique to the given disease.](mSystems.00332-18-f0003){#fig3}

We reasoned that the high frequency of modules that indicate multiple diseases may reflect the existence of modules that indicate any disease. While no modules stratified cases and controls across all seven diseases in our analysis, 33 modules indicated at least four but no more than five distinct diseases, and each disease is indicated by at least six of these 33 common disease indicators ([Table S5](#tabS5){ref-type="supplementary-material"}). Some diseases are indicated by a large proportion of these modules, including Crohn's disease (97%), liver cirrhosis (88%), type 2 diabetes (73%), and obesity (79%). Conversely, rheumatoid arthritis (18%), colorectal cancer (33%), and ulcerative colitis (18%) are indicated by relatively few modules. That said, these modules can constitute a substantial fraction of the total indicators discovered for the latter set of diseases, as evidenced by the fact that 46% of the ulcerative colitis modules are among this common set. Despite the frequent number of diseases indicated by these modules, they do not always indicate diseases through consistent signatures. For example, N-glycosylation by oligosaccharyltransferase (M00072), which happens to indicate the largest number of diseases, is consistently depleted in individuals affected by liver cirrhosis, Crohn's disease, obesity, type 2 diabetes, and ulcerative colitis relative to controls. Conversely, modules for cobalt/nickel transport systems (M00245 and M00246) are depleted in subjects with colorectal cancer and Crohn's disease but elevated in subjects with liver cirrhosis and type 2 diabetes. Additional common indicators include modules associated with lipopolysaccharide biosynthesis and export (M00060, M00320, and M00080), iron/zinc/manganese/copper transport system (M00318), and acetate production (M00422, M00377, M00618, and M00579). These results demonstrate that while no microbiome modules universally signify health, there exist modules that are commonly perturbed during disease.

The relatively small number of modules that uniquely indicate disease provide insight into disease etiology and advance the development of disease-specific diagnostics. Diseases varied in the proportion of their indicators that uniquely define the disease. For example, 20% of the rheumatoid arthritis indicators are unique while only 7% of type 2 diabetes indicators are unique. This observation highlights the fact that some diseases may offer greater potential for the discovery of microbiome-based clinical diagnostics. In rheumatoid arthritis subjects, the unique indicators include elevated levels of modules associated with methane production (M00617) and a DevS-DevR two-component regulatory system (M00482) that associates with Mycobacterium tuberculosis virulence ([@B30]). The microbiomes of colorectal cancer subjects have increased abundance of a module for naphthalene degradation (M00534). The modules increased in the microbiome of liver cirrhosis subjects include nitrification (M00528) and staphylococcal virulence regulation (M00468). In contrast, there is a decrease in a module for toluene degradation (M00418). In Crohn's disease, the modules increased in the microbiome of cases include degradation of glycosaminoglycans (M00076, M00077, M00078, and M00079) and B-vitamin biosynthesis (M00122, M00123, and M00573). There is a decrease in abundance of modules associated with methanogenesis (M00576), antimicrobial peptide response (M00470), and phosphatidylethanolamine biosynthesis (M00092). The unique modules in the microbiome of obesity subjects include enterohemorrhagic Escherichia coli (EHEC) pathogenicity signature (M00363). Type 2 diabetes cases have an increase in nitrogen fixation (M00175), glutamate transport (M00233), and capsaicin biosynthesis (M00350) and a decrease in O-glycan biosynthesis (M00056) in their gut microbiomes. There are not any unique indicators for subjects with ulcerative colitis.

It is possible that some functional indicators identified in this analysis are not directly connected to disease but are genomically linked to functions that are themselves connected to disease. Such hitchhiking indicators are, in effect, the result of a taxon's association with disease. To identify which taxa may drive the differential abundance of functional indicators observed in our analyses, we taxonomically annotated each metagenome using MetaPhlAn2 ([@B31]) and correlated the relative abundance of each functional indicator (*n* = 484 indicator modules) with each observed taxon. This analysis revealed significant genus-module correlations for 422 indicator modules of at least one disease (FDR \< 0.05, Spearman's \|ρ\| \> 0.4; [Fig. S2A](#figS2){ref-type="supplementary-material"} to G and [Table S6](#tabS6){ref-type="supplementary-material"}), while 62 of the 484 indicator modules elicited no significant genus associations. The observed associations were distributed across 93 genera, with *Subdoligranulum, Bacteroides, Prevotella, Escherichia, Methanobrevibacter, Blautia,* and an unknown genus within the *Clostridiales* manifesting a disproportionately large number of associations relative to the interquartile range of taxon-module association frequencies. These taxa may carry a large number of indicators in their genomes or alternatively are themselves ecologically linked to the presence of taxa that encode indicator modules. Only 37 modules correlate with a single genus, indicating that multiple taxa may contribute to the signal of differential abundance of functional indicators in the metagenome or that functional indicators ecologically link to an array of microbial taxa. The potential for closely related taxa to contain different functional repertoires reinforces the importance of considering the microbiome not only through a taxonomic perspective but also in terms of the functions present.

The functional composition of the microbiome can classify disease status. {#s2.3}
-------------------------------------------------------------------------

Each disease examined in this analysis has a set of indicator modules that stratify cases and controls, prompting the question of whether the functional composition of the gut microbiome can be used to classify disease status. To answer this question, we implemented a random forest machine learning approach to diagnose an individual's disease status for each disease based on microbiome module abundance. We found that the classification sensitivity and specificity vary as a function of disease ([Fig. 4](#fig4){ref-type="fig"}), where cases and controls were accurately resolved for some diseases (e.g., Crohn's disease, area under the curve \[AUC\] = 0.9539, and liver cirrhosis, AUC = 0.9023) but not others (e.g., rheumatoid arthritis, AUC = 0.6641, and colorectal cancer, AUC = 0.5955). The low AUC for colorectal cancer is inconsistent with prior results classifying colorectal cancer subjects based on microbiome module abundance ([@B32] [@B33] [@B34]). This discrepancy in classifier performance is due to differences in the selection of cases and controls: the prior studies excluded subjects with precancerous adenomas while our classifier included them as cases. Exclusion of the advanced adenoma subjects results in improved classifier performance similar to the prior study (AUC, 0.72; [Fig. 4](#fig4){ref-type="fig"}). These results suggest that the potential for use of the functional composition of the gut microbiome in disease diagnosis varies by the type and severity of disease.

![Classifying disease status based on the functional composition of the microbiome. ROC curves from random forest classifiers for cases and controls in each disease. The table shows OOB error and AUC values.](mSystems.00332-18-f0004){#fig4}

As noted above, a majority of modules defined in this data set stratify cases and controls in at least one disease (484 out of 521). Additionally, most of these differentially abundant modules are indicators for more than one disease. Due to this overlap in indicator modules, we postulated that the module abundance could classify subjects into diseased versus nondiseased groups, regardless of the disease. We found that module abundance has moderate ability to predict diseased or nondiseased status (AUC = 0.6738, out of bag \[OOB\] = 39.04%). This suggests that there may not be enough similarities across these diseases to classify diseased individuals from controls.

DISCUSSION {#s3}
==========

Our integrative analysis reveals the functional attributes of the gut metagenome that relate to human health and disease. We show that healthy microbiomes tend to encode higher protein family richness, significantly different functional compositions, and increased constraint on the variation in that composition compared to disease-associated microbiomes. However, effect sizes are frequently weak and not all diseases manifest these trends. Moreover, we identify specific functional modules that associate broadly with disease and, therefore, may be important to maintaining host health. Additionally, we resolve disease-specific markers that help clarify disease etiology and assess the ability of potential biomarkers to classify health status. Ultimately, the microbiome functions that we identify as being enriched in healthy individuals and disrupted in diseased individuals may illuminate how the microbiome contributes to host health.

Disease tends to associate with a reduction in the number of distinct protein families encoded in the microbiome. However, this trend is not universal, where some diseases (i.e., liver cirrhosis and rheumatoid arthritis) have no significant difference in richness and others (i.e., colorectal cancer) exhibit an increase in richness in diseased subjects. Decreased taxonomic richness commonly associates with disease, and some studies have associated decreased functional richness with disease ([@B35]). While this holds true for several diseases (i.e., Crohn's disease, obesity, type 2 diabetes, and ulcerative colitis), it is not a ubiquitous characteristic of the microbiome in a diseased subject.

The integration of metagenomic data enabled comparison of the differences in the gut microbiome's functional composition across a variety of diseases. We find that while the microbiome's functional composition associates with host health, the strength of the association substantially varies by disease and is generally relatively small. This suggests that these diseases are not defined by a substantial restructuring of the functional composition of the gut microbiome. Rather, if the microbiome contributes to diseases, it tends to do so through changes in the abundance of specific protein families, which may be different in each diseased subject. Consequently, health is not necessarily defined by the sum total of the functional capacity of the microbiome.

Among the many complexities of the gut microbiome is the variation in functional composition observed even in healthy populations that can be attributed to factors unique to a population (e.g., their geographic location) or investigation (e.g., how samples were processed). These factors may impact the apparent relationship between the microbiome and health state. These so-called study effects may thus potentially confound the discovery of microbiome signatures that robustly indicate disease, especially when data that are collected from only a single population or investigation are used to uncover these indicators. However, no investigation has yet measured how study effects impact discoveries that result from associating the microbiome's functional diversity with health state. To date, only colorectal cancer, obesity, and type 2 diabetes have been investigated using clinical shotgun metagenomic data that were generated from multiple, distinct populations and research studies. Integrating data across these studies, we find that study accounts for approximately 18.14% and 14.92% of the variation in functional composition between cases and controls for obesity and type 2 diabetes, respectively, while disease status accounts for only 1.2% and 1.7%, respectively. This finding aligns with prior observations of study effects in analyses of the taxonomic composition of the gut microbiome ([@B15], [@B26], [@B36]).

The phrase "study effects" is an umbrella term often used to describe any unknown source of variance. Comparison of the technical and biological replicates in this data set reveals that the variation between these replicates is less than the variance between unrelated samples, indicating that certain study effects (i.e., batch effects) are unlikely to be the source of variance between samples. The variance in functional composition is more reasonably due to factors associated with geographical location such as diet and cultural practices. Unfortunately, we do not currently possess the appropriate data set to address this question. Future studies should seek to generate metagenomic data from more diverse populations that span distinct countries. Despite the large contribution of study effects, disease status remains an important factor in explaining the variance between samples.

Analysis of the microbiome's functional beta-dispersion reveals that most diseases have increased intersample variation in the microbiomes of the case populations relative to the microbiomes of the control populations. This pattern of increased dispersion in disease-associated microbiomes was previously observed in studies of taxonomic diversity and dubbed the Anna Karenina principle (AKP) ([@B28]). AKP hypothesizes that certain stressors elicit stochastic effects on the taxonomic composition of the microbiome to yield increased variation in the stressed group relative to the control group. Our beta-dispersion analysis shows that the AKP also applies to the functional profiles of the gut microbiome in diseased hosts. This observation indicates that the increased dispersion observed in the taxonomic analysis of diseased microbiomes is unlikely to be the result of redundant functional compositions across communities, since if that were the case we would expect to find little to no increase in dispersion in the functional profiles. That said, our observation does not preclude the possibility that different taxa encode a small set of redundant proteins that associate with the disease state. For example, several genera within the phylum *Proteobacteria* (e.g., *Escherichia*, *Pantoea*, and *Sutterellaceae*) appear to contribute to the abundance of lipopolysaccharide (LPS) biosynthesis and transport modules. Additionally, our finding that there tends to be lower functional dispersion among healthy individuals indicates that there may exist greater constraints on how the microbiome operates among healthy individuals.

Our robust and integrative modeling approach reveals specific associations between microbiome function and health by identifying commonly perturbed functions that impact host health. Interestingly, most of the common indicators (i.e., indicators of four or more diseases) are increased in abundance in the microbiomes of diseased subjects relative to the microbiomes of control subjects, suggesting that these shared disease associations may be due to the elevated presence of some microbiome functions rather than their loss in the microbiome. For example, subjects with colorectal cancer, liver cirrhosis, Crohn's disease, and obesity have increased abundance of a module for lipopolysaccharide (LPS) biosynthesis (M00060). LPS is a well-known proinflammatory molecule; increased LPS biosynthesis by gut microbiota could contribute to intestinal inflammation observed in subjects with these diseases. Additionally, some common indicators may clarify collective features of the intestinal environment across disease. For example, several modules for iron transport (M00318, M00190, M00240, M00243, M00317, and M00319) are increased in the microbiomes of subjects with Crohn's disease, liver cirrhosis, obesity, and type 2 diabetes. Iron is an important cofactor for both humans and microbes and is often the subject of conflict between host and pathogen ([@B37]). Another common indicator is acetate production (M00377 and M00618), which is increased in the gut microbiome of subjects with rheumatoid arthritis, Crohn's disease, obesity, and type 2 diabetes. Short-chain fatty acids (SCFAs), particularly acetate and butyrate, that are produced are thought to act as signaling molecules between the gut microbiome and host and may play a role in host metabolism ([@B38]). Unlike butyrate which seems to play a protective role in the gut microbiome ([@B39]), acetate is thought to interact with the host parasympathetic nervous system to modulate insulin secretion and may promote obesity ([@B40], [@B41]). Our finding that acetate production modules are consistently elevated across diseases supports prior work linking microbe-produced acetate to disease.

The integration of data from distinct diseases enables differentiation of disease-specific and disease-common indicators, which can clarify the etiology of specific diseases and advance their diagnosis. For example, rheumatoid arthritis cases carry an increased abundance of a methane production module (M00618) relative to controls. Increased abundance of methane-producing microorganisms was reported in patients with multiple sclerosis, an autoimmune disease that affects the central nervous system ([@B42]). These findings suggest that methane production by gut microbiota may associate with autoimmune conditions. Additionally, modules for degradation of glycosaminoglycans (GAGs) (M00076, M00077, M00078, and M00079) are uniquely elevated in subjects with Crohn's disease. Increased degradation of GAGs in Crohn's disease subjects has been reported previously ([@B43]) and may be caused by gut microbiota.

The observed indicators of disease also clarify the potential role of the microbiome in various diseases. By focusing on what the microbiome is capable of doing, rather than which taxa are present, and how this functional capacity associates with health, we can develop testable hypotheses about how the microbiome may mediate health and disease. For example, our work reveals robust associations between the functional composition of the gut microbiome and obesity. Among the indicators for obesity are modules for acetate production (M00377, M00579, and M00618). Recent research connects acetate production by gut microbiota to metabolic syndrome via interaction with the host parasympathetic nervous system to promote insulin secretion ([@B40]). These results are especially valuable in light of recent work that demonstrates an effect of the microbiome in metabolic diseases ([@B44]) but inconsistent ([@B17]) or weak ([@B18]) associations between the taxonomic composition of the gut microbiome and obesity. Notably, the overall functional diversity of the microbiome similarly manifests weak associations with obesity, but the aforementioned protein families robustly resolve the disease. Consequently, these specific indicators may serve as important leads in future studies of how the gut microbiome contributes to obesity and metabolic syndromes.

The random forest analysis demonstrates that the functional composition of the microbiome can aid in classifying disease status and may serve in disease diagnosis. However, the relatively large margin of error observed for some diseases or for classifying health versus disease in a general sense indicates that such diagnosis may be pertinent only for diseases with stronger microbiome signatures (i.e., Crohn's disease or liver cirrhosis). As seen with colorectal cancer, the severity of the disease may also play a role in the potential for diagnostics.

Collectively, our analysis discerns how the gut microbiome's functional capacity relates to host health. Through integration of data spanning multiple health states, we observe broad patterns of microbiome changes in disease that clarify how the gut microbiome contributes to health. For example, the metabolic modules that are commonly perturbed during disease may reflect mechanisms through which the gut microbiome interacts with physiology to promote health. Future studies should explicitly test whether the genes encoding these microbiome functions are actively expressed and critical to maintaining health. Moreover, disease associates with a personalized alteration in the functional composition in the microbiome, as indicated by our beta-diversity and beta-dispersion analyses. This result indicates that microbiome-based therapies may need to consider patient-specific parameters to ensure efficacy. Additionally, we uncover disease-specific indicators that not only serve as diagnostic leads but also clarify potential microbiome-mediated etiologies of disease. Future studies should similarly seek to test the effects of these microbiome functions on health. Expansion of metagenomic sampling across populations and health states is critical to advancing our understanding of how the functions encoded in the gut microbiome associate with disease, but improvements to existing analysis methodologies may be necessary to ensure that results are robust to technical considerations (e.g., the compositional nature of sequence data). Additionally, efforts to expand the functional characterization of microbial genes will enhance the sensitivity and specificity of imputed characterizations of microbiome functional capacity. Ultimately, integrative data analysis can expand our understanding of the role of the microbiome in maintaining health but requires more comprehensive patient data, standardized methodologies, and extended patient populations to maximize its utility.

MATERIALS AND METHODS {#s4}
=====================

Data set. {#s4.1}
---------

Our analysis relied on public metagenomes, which we obtained from the NCBI SRA and identified using SRAdb ([@B45]). Specifically, we downloaded 10 Tbp of metagenomic sequence data from 1,979 subjects across 8 studies and 5 countries (see [Table S1](#tabS1){ref-type="supplementary-material"} in the supplemental material). Included in the data set are nondiseased controls as well as subjects with one or more of the following diseases: rheumatoid arthritis ([@B11]), colorectal cancer ([@B6]), liver cirrhosis ([@B9]), Crohn's disease ([@B10], [@B12]), obesity ([@B6][@B7][@B13]), type 2 diabetes ([@B6][@B7][@B8], [@B12], [@B13]), and ulcerative colitis ([@B10], [@B12]) ([Table S1](#tabS1){ref-type="supplementary-material"}). Sample covariates were obtained from the initial studies. While the publicly available metagenomes used in this study differed in their library sizes (number of reads), read length, and how they were quality controlled, a previous study found that the variation introduced by these factors is relatively small in contrast to biological variation between samples, indicating that these technical factors are unlikely to influence our results ([@B27]).
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Results from compound Poisson linear regression with FDR correction. Summary of modeling results for each KEGG module in each disease. Publications associated with study abbreviations can be found in [Table S1](#tabS1){ref-type="supplementary-material"}. Case and control mean columns are the average copy number across all case or control subjects. Download Table S3, CSV file, 0.4 MB.
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Summary of indicator discovery at different FDR thresholds. Counts of the number of indicator modules for each disease at several FDR thresholds. Download Table S4, PDF file, 0.04 MB.
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Summary of indicator overlap between diseases. Each indicator module appears once in the table with the diseases that it indicates. The definitions were obtained using KEGGREST. Also represented are the FDR values and the directionality of the change in abundance based on the slope estimate from the models. U indicates that the module is increased in abundance in the cases, and D indicates that the module is decreased in abundance in cases relative to controls. FDR values and change in cases are listed in the same order as in the disease column. Download Table S5, CSV file, 0.06 MB.
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Data processing and annotation. {#s4.2}
-------------------------------

First, we pooled metagenomic reads across SRA run accessions (each representing a sequencing run) from the same SRA sample accession (each representing a biological sample). SRA samples were then functionally annotated using MetaQuery ([@B46]) to produce profiles of genomic copy number of KEGG Orthology Groups (KOs) in each metagenome. Briefly, MetaQuery uses Bowtie 2 ([@B47]) to align sample reads to the integrated gene catalog (IGC) of the human gut metagenome ([@B8]) to produce coverage estimates for each gene, which are functionally annotated by KOs. The coverage estimates are normalized by a set of 30 universal single-copy genes ([@B48]) to produce estimates of the genomic copy number of each KO in the microbiome. This statistic reflects the average number of gene copies per genome across all cells in a microbial community and is not influenced by differences in average genome size between samples ([@B44]). Thus, a universal single-copy gene will have an average genomic copy number close to 1.0. The classification rate of reads to the IGC ranged from 72 to 93% of reads with an average of 87% ([Fig. S1](#figS1){ref-type="supplementary-material"}). The classification of reads to KEGG annotated gene families ranged from 43 to 69% of reads, with an average of 55% ([Fig. S1](#figS1){ref-type="supplementary-material"}).
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Classification rate and number of reads classified to the integrated gene catalogue and KEGG database. (A) Box plots of the classification rates for cases (red) and controls (blue) in each disease to the IGC and KEGG database. Quantified as the number of reads assigned to a category in the database divided by the total number of reads in the sample. (B) Box plots of the number of reads classified for cases (red) and controls (blue) in each disease to the IGC and KEGG database. Horizontal dashed lines represent the mean number of reads across all the data (X for the IGC and Y for the KEGG database). Download FIG S1, EPS file, 0.2 MB.
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Case and control population sampling. {#s4.3}
-------------------------------------

For each disease, we identified a set of subjects that represented disease-afflicted individuals (i.e., cases) and a set of subjects that represented healthy individuals (i.e., controls) ([Table S1](#tabS1){ref-type="supplementary-material"}). Specifically, we deemed subjects who were clearly determined to have the disease of interest and none of the other diseases in the available metadata to be case subjects (i.e., no comorbidity). Control populations alternatively consisted of individuals who were explicitly determined through clinical screening not to have the disease of interest, irrespective of the specific study from which the metagenome was generated. Designation of cases and controls relied on the metadata provided by the initial study. It is possible that a subject could have an undetected disease that was not screened for in a given study. Rheumatoid arthritis subjects who manifested low disease severity or remission were excluded from these analyses. Subjects with multiple SRA sample accessions were represented by only the first metagenome sample that the study authors generated. Ultimately, 1,473 samples passed these analytical filters and were included in the downstream analyses.

Alpha- and beta-diversity. {#s4.4}
--------------------------

The vegan package in R was used for alpha- and beta-diversity quantification. Specifically, the function specnumber (vegan::specnumber) assessed gene family richness, and a two-sided *t* test (stats::t.test) determined statistical significance between cases and controls within a disease. Beta-diversity was measured with Bray-Curtis dissimilarity (vegan::vegdist) and visualized with nonmetric multidimensional scaling (NMDS). Permutational multivariate analysis of variance (vegan::Adonis) calculated significant differences in beta-diversity. Beta-dispersion was quantified with betadisper (vegan::betadisper), and analysis of variance (ANOVA; stats::anova) determined significant differences.

Identifying functions that stratify cases and control. {#s4.5}
------------------------------------------------------

A regression-based approach modeled KEGG module abundances across populations to identify the functions that stratify cases and controls for each disease. To reduce dimensionality of the data, KOs were collapsed into modules and only modules with prevalence greater than 0.5 were tested. The model (cplm::cpglm) implements a Tweedie compound Poisson distribution with a degenerate distribution at the origin and a continuous distribution on the positive real line to appropriately model data where there are zeros but the values are otherwise continuous ([@B29], [@B49]). For each functional module, the normalized average genomic copy number was used as the response variable and disease status was used as the predictor. For disease phenotypes with data from multiple studies, the source study was also included as a covariate in the models to account for study effects. False discovery rate (FDR) correction (stat::p.adjust) was used to adjust for multiple tests and a cutoff of FDR \< 0.2 was used to identify indicators for each disease.

Identifying taxa that contribute to functional abundance. {#s4.6}
---------------------------------------------------------

To identify which taxa may drive the abundance of KEGG modules linked to disease, we used MetaPhlAn2 with default parameters to produce taxonomic annotations of each metagenome. Using these taxonomic abundance profiles, we correlated the relative abundance of each genus with the paired relative abundance of each indicator module across samples using an FDR-corrected Spearman test. We excluded samples where the abundance of the genus being examined was zero since we were interested only in assessing how the abundance of each module and genus correlates when the genus is present in the sample. Significant correlations were identified as those with FDR \< 0.05 and \|ρ\| \> 0.4. Correlation values are available in [Table S6](#tabS6){ref-type="supplementary-material"}, and significant correlations are visualized in [Fig. S2A to G](#figS2){ref-type="supplementary-material"}.
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Heat maps of associations between genus and module abundance in each disease. The value in the heat map is the Spearman rho for all genus-module associations with FDR \< 0.05 and \|rho\| \> 0.4 for rheumatoid arthritis (A), colorectal cancer (B), liver cirrhosis (C), Crohn's disease (D), obesity (E), type 2 diabetes (F), and ulcerative colitis (G). Module names on the *x* axis are not listed for liver cirrhosis (C), Crohn's disease (D), obesity (E), and type 2 diabetes (F) since there are too many to print legibly. Exact values for each association can be obtained in [Table S6](#tabS6){ref-type="supplementary-material"}. Download FIG S2, PDF file, 2.1 MB.
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Identification of genera that contribute to module abundance. Table of results from correlations between genus abundance and module abundance for each disease indicator module of each disease. KEGG module definition, Spearman's rho, *P* value, and FDR from correlations between the abundance of each genus and indicator module for each disease. Download Table S6, CSV file, 0.3 MB.
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Random forest classifier. {#s4.7}
-------------------------

The R package randomForest (randomForest::randomForest) was used to quantify classification of subjects into the appropriate case or control categories for each disease. For the random forest by disease, the same populations of subjects were used for each disease as described above in the models. To quantify the ability to classify disease or nondisease, all data were gathered and subjects were given a label of diseased (1) or nondiseased (0) regardless of the disease. The subject metadata values (BMI, age, sex, and country) were added as additional variables. Subjects with NA (not available) values for any of the metadata variables were excluded (*n* = 137). We used the out-of-bag (OOB) error from the classifier and area under the curve (AUC) from receiver operating characteristic (ROC) curves (pROC::roc) of sensitivity and specificity to quantify the classification accuracy.

Code availability. {#s4.8}
------------------

The code to reproduce all analyses in the paper is available at <https://github.com/courtneyarmour/human_metagenomes_analysis>.

Data availability. {#s4.9}
------------------

Subject metadata and KEGG/MetaPhlAn2 annotated metagenomes are available at <http://files.cgrb.oregonstate.edu/Sharpton_Lab/Papers/Armour_msystems_2019/>.
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